Abstract-Due to the significant improvements of power generation technologies and the trend of replacing traditional power plants with renewable generation resources, the generation portfolio will experience dramatic changes in the near future. The uncertainty and variability of renewable energy and their sitting call for strategic and economic plans for expanding the transmission capacities. In this study, we develop a data-driven two-stage stochastic transmission expansion planning with uncertainties. In the proposed approach, purely by learning from the historical data, we first construct a confidence set for the unknown distribution of the uncertain parameters. Then, we develop a two-stage data-driven transmission expansion framework, by considering the worst-case distribution within the constructed confidence set, so as to provide a reliable while economic transmission planning decision. Furthermore, to tackle the model complexity, we propose a decomposition framework embedded with Benders' and Column-and-Constraint generation methods. We implement our approach on 6-bus and 118-bus systems to test its effectiveness. Finally, we show as the amount of historical data grows, the conservativeness of the model decreases.
Load shedding at bus i at year t load block b. [w sion expansion planning, such as regular uncertainties from demand and renewable energy, and occasional changes about new policies, generator retirement, etc. [4] . To address the uncertainties in TEP, stochastic programming and robust optimization approaches have been extensively employed, among others such as fuzzy models [5] [6] [7] .
For stochastic programming, the uncertain parameters are either characterized by a limited number of scenarios as their possible realizations or assumed to follow a particular distribution. Then, the objective is to minimize the total expected cost or to maximize the expected profit or social welfare corresponding to the generated scenarios or assumed distribution. For instance, in [8] , the uncertain demand is interpreted as a number of scenarios with the objective of maximizing the aggregate social welfare, while in [9] , both transmission and generation expansion are considered under random outages of generation units and transmission lines as well as demand uncertainty. Recently, two-stage stochastic programs have been successfully used for transmission expansion problems. For example, in [10] , a twostage stochastic programming framework is proposed to address the generation and transmission expansion planning problem under equipment failure and load uncertainties, in which the first stage considers the expansion decisions and the second stage considers the operational costs and system reliability. Also, chance-constrained stochastic optimization approaches have been recently utilized in solving the TEP problems, in which chance constraints are utilized to enforce the probability of generation and transmission line capacity violations to be no more than a predefined level [11] , [12] .
Moreover, robust optimization approaches have been applied to many operational and planning problems arising in power systems, for instance, unit commitment [13] [14] [15] [16] and optimal bidding strategy [17] , [18] . As for the TEP, robust optimization has also been used by taking different sources of uncertainty and different objective functions into account. For example, in [19] , random contingencies are considered as the source of uncertainty in a multi-stage framework, while in [20] , intermittent renewable energy as well as the demand uncertainty are considered in a two-stage model. In addition, in [21] , the investment cost of new transmission lines and demand information are considered as unknown parameters. In [22] , with the objectives of minimizing the worst-case cost and the worst-case regret, a trilevel optimization model is proposed under the unknown generation expansion behavior of the electricity suppliers and the demand uncertainties. In general, for robust optimization approaches, to characterize possible realizations of the uncertain parameter, a deterministic uncertainty set, such as an interval, a cardinality uncertainty set, or a polyhedral uncertainty set, is constructed. The objective of the robust optimization based TEP framework is to minimize expansion and operational costs or regret by considering the worst-case scenario of random parameters in the predefined uncertainty set. Therefore, the robust optimization based approaches can provide reliable and conservative decisions.
However, both stochastic and robust optimization approaches face challenges in practice. For the stochastic optimization approach, the distributions of the uncertain parameters, such as renewable generation output, are often assumed known. However, the obtained scheduling can be sensitive to the distributions and thus can be biased in practice with an inaccurate distribution assumption. In this case, both cost effectiveness and system reliability can be compromised. On the other hand, for the robust optimization approach, the system performance is determined by considering the worst-case scenario of the random parameter, therefore, the solutions are often too conservative and pessimistic, which may lead to large system costs. Also, this approach requires limited information to construct the uncertainty set, which does not utilize the available historical data to a largest extent.
Many works have been done recently to address the abovementioned challenges arising in stochastic programming and robust optimization approaches. For instance, recent application of robust optimization approach uses a parameter called "budget of uncertainty" to control the level of conservativeness (see, e.g., [13] , [14] , [16] [17] [18] , [20] , among others). In addition, hybrid stochastic programming and robust optimization approaches have been recently proposed against over-conservativeness and heavy computational burden (see, e.g., [15] , [23] [24] [25] , among others). However, these approaches still consider the worst-case scenario of the random parameter in the corresponding uncertainty set in their objective functions, and they are not able to utilize historical data to a large extent to cope with uncertainty. To address these challenges, accordingly, distributionally-robust and data-driven optimization concepts have also been proposed.
For the distributionally-robust and data-driven optimization approaches, instead of considering the randomness of uncertain parameters, an unknown probability distribution is considered and characterized by learning from the available historical data [26] [27] [28] [29] [30] . Other than assuming any particular probability distribution of the random parameters as the traditional stochastic optimization approach does, a confidence set is constructed, with a certain confidence level (for example 95%) to cover the unknown probability distribution, and the probability distribution can run adversely within the confidence set. The objective of the model is to minimize the worst-case cost associated with the worst-case distribution in the confidence set. Though this approach is still a risk-averse approach, the conservativeness is in general less than that of the traditional robust optimization approach [27] . It is also shown that the level of conservativeness decreases as the size of historical data increases. The theoretical frameworks of the distributionally-robust and data-driven optimization approaches have been recently applied to power system optimization problems. For example, in [31] , a data-driven two-stage stochastic program is utilized to address unit commitment under wind power uncertainty. In [32] , a distributionallyrobust optimization framework is presented to optimize reserve scheduling with partial information of renewable energy. In [33] , a two-stage distributionally-robust optimization model is proposed for jointly optimizing energy and reserve under wind uncertainty. In [34] , a distributionally-robust chance-constrained model is formulated to address optimal power flow under wind, load and reserve capacity uncertainties. However, to the best of our knowledge, this is the first work to apply distributionallyrobust / data-driven optimization concept to solve transmission expansion problems.
In this paper, we propose a data-driven risk-averse twostage stochastic transmission expansion planning framework, in which the first stage deals with transmission line expansion decisions, while the second stage considers the worst-case operational cost (production cost and load shedding penalty cost) associated with the worst-case distribution of the random demand. Note here that our proposed model can be equivalently applied with renewable energy (e.g. wind power) uncertainty, which will be discussed in more detail in section IV. Moreover, we develop a novel decomposition approach that combines both Benders' and Column-and-Constraint generation methods [35] to address the problem. The contributions of this research can be listed as follows:
1) A data-driven risk-averse stochastic optimization framework is utilized to address the transmission expansion planning problem under uncertainties, which can provide a more robust transmission expansion decision than the traditional stochastic optimization approach, while a more economic expansion decision than the traditional robust optimization approach.
2) The proposed approach utilizes historical data information to a larger extent, as compared with robust optimization approaches. In addition, a reformulation of the proposed framework can be obtained, which does not lead to a heavier computational burden as more data is received. However, when the size of historical data becomes larger, and the conservativeness of the proposed approach decreases and eventually vanishes as the size of data goes to infinity. 3) A new decomposition framework is proposed to solve the problem. The computational results show that the proposed decomposition method leads to less computational time as compared with Benders' decomposition and Column-and-Constraint generation. The remaining parts of this paper are organized as follows: In Section II, we construct the confidence set for the unknown probability distribution of the uncertain load. Then, the data-driven two-stage stochastic formulation is presented. In section III, the proposed decomposition technique along with the solution algorithm are described. In section IV, the extensions are provided. In section V, numerical results from the case studies are discussed. Finally, the research is concluded in section VI.
II. PROBLEM FORMULATION
In this section, we propose a data-driven two-stage stochastic TEP model. The objective of the proposed model considers the construction cost in the first stage and the expected operational and load shedding costs corresponding to the real-time demand realizations in the second stage. In the model, the firststage decisions include the construction decisions for all the candidate lines, before observing the true demand scenario. The second-stage decisions include the power generation level for each bus, power flow and phase angle for each transmission line, after knowing the actual demand. However, as we described in Section I, it is biased to assume any particular distribution of the demand, which is usually unknown in practice. Instead, a set of historical data is available. In this paper, we allow the probability distribution of the demand to be ambiguous and run adversely in a confidence set, and we learn from the historical data to construct the confidence set by introducing several distance measures of probability distributions. Note here that the historical data may not be able to fully characterize the demand behavior in the future. Many other factors, such that smartgrids, electric vehicles, and demand response, may affect the future demand as well. However, in this paper, we will focus on the utilization of historical data without considering the impact of these new technologies. Based on this, we develop a data-driven stochastic optimization approach to provide a risk-averse TEP decision with the demand uncertainty.
A. Confidence Set Construction
One approach to construct the confidence set is based on the moment information of the random parameter [26] , [36] . By estimating the mean values (denoted byμ) and the covariance matrices (denoted by Σ 0 ) of the uncertain parameters through learning from the historical data, the moment-based confidence set D can be constructed as:
where M + denotes the set of all distributions. Here, 1 and 2 can depend on the size of historical data. In this case, a larger size of historical data leads to lower values of 1 and 2 ; and accurate values of the first and second moments would be attainable as the size of data goes to infinity. However, even with fixed first and second moments, there are still an infinite number of probability distributions in D.
In this paper, we adopt a distribution-based approach to construct the confidence set D. That is, instead of considering moment information, we construct the confidence set based on the distribution information. The distribution-based confidence set is shown as follows:
where P denotes the true distribution,P represents the reference distribution derived from the historical data, d(P,P ) is the predefined probability distance between P andP ; and α represents a tolerance level of the distance. To obtain the reference distribution, both parametric and nonparametric methods have already been utilized. Parametric estimation methods assume the random parameter follows a predefined distribution (e.g., normal distribution) and the parameters (e.g., the mean and variance) of the assumed distribution can be estimated through learning from the historical data [37] . In this paper, we adopt nonparametric estimation methods that can get rid of the distribution assumption.
B. Reference Distribution
We use the histogram as our reference distribution. That is, we partition the sample space Ω into N bins, i.e., Ω = N n =1 B n . Then, by counting the frequency of data samples falling into each bin, S n , we can determine the reference distribution
Specially, for the case that the true distribution is discrete, to get the reference distribution, for each scenario i, we count the number of historical data samples matching scenario i, and then divided by S to calculate the corresponding probability. Note here that the computational complexity of our data-driven approach only depends on the number of bins in the histogram. Therefore, the computational complexity of our proposed approach does not change as long as the number of bins is unchanged.
C. Probability Metrics and Value of α
Intuitively, as we observe more information of the true distribution, i.e., more historical data samples, we can get a better estimation of the reference distribution, that is, the "distance" between the reference distribution and the true distribution becomes smaller. To measure the distance between two distributions, we can apply different probability metrics. For instances, in [31] , L 1 and L ∞ probability metrics have been applied to construct the confidence set:
The Wasserstein metric has also been studied recently to construct the confidence set:
where J denotes all joint distributions of the random variables X and Y with marginal distributions P andP . Accordingly, different metrics lead to different convergence rates, i.e., the value of α. For instance, for the above-introduced metrics, the values of α are listed as follows, respectively:
where l is the diameter of Ω. For more details, the readers can refer to [29] and [30] . In this study, we use L 1 norm to construct the confidence set as below:
Based on (6), the tolerance level α 1 depends on the size of data samples and the confidence level β such that as the size of historical data S goes to infinity, the value of α 1 goes to 0 and consequently,P converges to P .
D. Data-driven TEP Framework
With the given confidence set of the ambiguous distribution of the uncertain demand, we formulate the data-driven stochastic TEP framework as follows:
where Q(y, z, ξ) is equivalent to min i∈I k ∈K t∈T b∈B
s.t.
k ∈K
where the objective function (10) is to minimize the total expansion and expected operational costs over a given planning horizon under the worst-case distribution in D. Expansion cost is considered as total investments in transmission line constructions, while overall operational cost includes generation costs and load shedding costs. Constraints (11) and (12) indicate the transmission line construction status. Constraints (15) represent the power balance constraints. Constraints (16) enforce the generation capacity limit at each bus. Constraints (17) and (18) enforce the power flow limit for existing transmission lines and candidate transmission lines, respectively. Constraints (19) determine the power flow in terms of nodal phase angles of the existing transmission lines. Constraints (20) and (21) In the second-stage objective function, due to the independence of different scenarios ξ n , we can interchange the secondstage minimization and summation (corresponding to the expectation term) operations. Hence, the objective function of the data-driven risk-averse two-stage stochastic model can be reformulated as follows:
III. SOLUTION METHODOLOGY
In this section, we employ a decomposition algorithm framework, which utilizes both Benders' decomposition method and the Column-and-Constraint generation procedure [35] , to solve the proposed data-driven model.
A. Second-stage Reformulation
We dualize constraints (15) to (23) to obtain the following (SUB) problem:
s.t. 
B. Cutting Planes
In the proposed decomposition framework, the following cuts are generated:
1) Benders' feasibility and optimality cuts: For the feasibility check, since we allow load shedding in the model, the second-stage constraints (15) to (23) are always feasible for any given first-stage variables y and z. Therefore, the first-stage feasibility is guaranteed and no feasibility check is needed.
As for optimality cuts, in each iteration, we obtain ω(y, z) for the given first-stage decisions y and z. Let ϑ represent the second-stage optimal objective value, we should have ω(y, z) ≤ ϑ. Otherwise, if ω(y, z) > ϑ, the following optimality cut is added to the master problem:
2) Column-and-Constrain Generation: According to the Column-and-Constraint generation method explained in [35] , in iteration s, after we obtain the optimal distribution p s from the (SUB) problem, if ω(y, z) > ϑ, then the following cut is added to the master problem:
C. Solution Algorithm
We have the following master problem (MP) for the proposed decomposition framework: (36) and (37) to MP and go to step 2.
IV. EXTENSIONS AND FUTURE WORK
This model can be easily extended to the case that renewable energy is another dimension of uncertainty in the power system. Let w i,t,b represent the renewable energy output and w c i,t,b represent the curtailed amount of renewable energy, then we have: (38) 
In addition, the term i∈I t∈T b∈B C i,t w c i,t,b (ξ) is added to the second-stage objective function, where C i,t is the wind power curtailment penalty cost for bus i at time t. Note here that random parameter ξ follows a joint probability distribution of demand d and renewable energy output w.
In addition, the proposed data-driven framework can be extended to the joint transmission and generation expansion planning under demand uncertainty as follows:
Constraints (11) to (15), (17) to (23),
where constraints (41) and (42) indicate the new generation unit and existence, and constraints (43) indicate the generation capacity at each bus. Note here that new generation installments can potentially affect the transmission expansion planning solutions. For example, if the generation expansion decisions are made in some buses, more generation capacities will be available in these buses to accommodate demand uncertainty, e.g., see constraint (43) as compared with constraint (16), which will potentially lead to less transmission expansions.
V. CASE STUDY
In this section, to show the effectiveness of the proposed approach, we test a 6-bus system and an IEEE 118-bus system (available at http://motor.ece.iit.edu/data) to conduct numerical experiments. In this study, a planning horizon of 20 years is considered during which planning decisions are made yearly. In order to generate scenarios of the uncertain demand, we assume that demand follows a multivariate normal distribution and the mean values of demand increase by 1 percent yearly [38] . Also, we set the covariance to be 0.2 of its mean. Moreover, we consider three types of generation technologies (coal, natural gas and wind technologies) [22] . As it is mentioned in [38] , it is predicted that incentive programs, (e.g. a tax credit program), which encourage investments in renewable and natural gas plants, will result in generation capacity increase by 1 percent annually in these types of plants. In addition, it is also predicted that the retirement plans for coal plants will lead to a yearly reduction by 1 percent in coal plant generation capacity. Hence, for numerical experiments, we increase the wind farm and natural gas plant capacities and decrease coal plant capacities by 1 percent annually. The market interest rate is assumed to be 0.1 yearly. To conduct the numerical experiments, we implement the proposed formulation and algorithm by C++ and CPLEX 12.6 and run it on a computer with Intel Xeon 3.2 GHz and 8 GB memory. 
A. 6-bus system
The 6-bus system, presented in Fig. 1 , includes six buses and seven transmission lines. Specific settings for the 6-bus system are presented in Tables I and II . We consider 2 coal plants, 2 natural gas plants and 2 wind farms, as well as 2 candidate transmission lines (denoted by dotted lines). In addition, the mean demands for each bus for the first year of the planning horizon are presented in the third column of Table I .
For the 6-bus system, we first show the effects of the size of historical data and the confidence level on the conservativeness of the proposed approach in subsection V-A1 and V-A2 respectively. Then, in subsection V-A3, we compare the performance of the proposed approach with the traditional two-stage stochastic optimization (e.g., [12] ) and the traditional two-stage robust optimization (e.g., [20] , [22] ) approaches.
1) Effects of the size of historical data:
In this section, we investigate how the conservativeness level and total cost of the DDTEP model are affected by the size of historical data. We consider a range from 10 to 10000 for the number of historical data points and set the confidence level β to be 99%; then, we test the system performance of the data-driven stochastic transmission expansion planing model (denoted by DDTEP), the traditional two-stage stochastic transmission expansion planing with the estimated distribution learned from historical data (denoted by STEP) and with the perfect distribution information (denoted by STEP_P). For STEP_P, a set of 50000 historical data points is used to approximate the true probability distribution of the uncertain demand for each bus at each time period. It can be observed that as the size of historical data increases, the value of α decreases. Accordingly, a smaller value of α leads to a smaller confidence set which subsequently, leads DDTEP to be less conservative. Hence, as the size of historical data increases, the conservativeness of the model decreases and the objective value of DDTEP tends to decrease. It indicates that the more data system operators can utilize, the more money they can save. Table III and Fig. 2 show DDTEP converges to STEP_P as the number of historical data increases. That is, the conservativeness vanishes as we have a large number of data. In addition, with more historical data, STEP also converges to STEP_P, since more accurate estimation of the true distribution can be obtained with more data. We can also observe that DDTEP does not increase the computational efforts as compared with STEP_P.
2) Effects of the confidence level:
It can be observed from equality (6) that the construction of the confidence set depends on the value of confidence level β. Therefore, we conduct this experiment to illustrate the effect of confidence level β on the performance of DDTEP. We assume the number of historical data points to be 100 and the range of β to be from 0.5 to 0.99. As shown in Table IV , as the value of β increases, the value of α 1 increases. A larger α 1 can be inferred as having higher chance that the confidence set contains the unknown distribution. Therefore, with larger values of β, DDTEP becomes more conservative and its objective value increases. Indeed, this relationship provides an opportunity to system operators to adjust the conservativeness level of the system based on their preference of confidence level β.
3) Comparisons with stochastic and robust optimization approaches:
In this section, to show the effectiveness of our proposed approach, we conduct numerical experiments on the 6-bus system to compare the performance of our DDTEP approach with the traditional two-stage stochastic transmission expansion planning (STEP) and the traditional two-stage robust transmission expansion planning (denoted by RTEP). We let the size of historical data to be 100 and the confidence level β to be 99%, and solve the transmission expansion planning problem under demand uncertainty using the DDTEP, STEP and RTEP, respectively. Then, we fix the first-stage expansion plans obtained from each approach and solve the second-stage problem for randomly simulated instances. We report the results in Table V. The second and the third columns present the expansion plans and the associated construction costs, respectively. For example, the expansion plan obtained by DDTEP suggests candidate line 2 to be constructed in time period 1 and the expansion plan obtained by RTEP suggests both candidate lines 1 and 2 to be constructed in time period 1. However, STEP suggests no candidate line needs to be constructed, from which we can observe STEP is the least conservative model compared with DDTEP and RTEP. From Table V we can observe that, DDTEP performs better than both RTEP and STEP, since DDTEP results in lower total costs under both the worst-case distribution scenario (indicated by WCD) and the randomly simulated distribution scenario (indicated by SimD) in comparison with the other two. That is because on one hand, as compared with DDTEP, STEP 1, 1, 5, 1, 1, 1) ( 1, 1, 5, 1, 1, 1) ( leads to no line constructions, so it is not able to accommodate large load fluctuations and therefore yields to more load shedding. On the other hand, as compared with DDTEP, RTEP is over conservative by sacrificing more average cost-effectiveness to consider the worst-case load realization, which happens rarely in practice.
B. 118-bus system
For the 118-bus system, we first compare DDTEP with STEP and RTEP. Then, we compare our proposed decomposition approach with Benders' decomposition and Column-andConstraint generation approaches.
1) Comparisons with stochastic and robust optimization approaches:
In order to demonstrate the effectiveness of the proposed approach, we also conduct numerical experiments on the modified IEEE 118-bus system. In this case, we allow the number of candidate lines to vary in the range of 9 to 13 and then we compare the proposed approach with the STEP and RTEP approaches. Also, we set the size of historical data to be 100 and the value of β to be 99%. We apply the same simulation procedure as the one previously and report the expansion plans in Table VI for five different cases of candidate lines, obtained from the DDTEP, RTEP and STEP.
In addition, the cost values corresponding to the expansion plans in Table VI for both DDTEP and STEP are reported in  Table VII . Although the expansion costs for DDTEP are higher than STEP, the proposed DDTEP results in lower total costs as compared with STEP for the whole planning horizon, under both WCD and SimD, for all five cases. That is because DDTEP leads to more new line constructions to hedge against the risk of electricity demand variability to avoid load shedding as compared with STEP, so it is a risk-averse approach. Therefore, in case of unexpected large load realization, DDTEP plan yields to less load shedding compared with STEP plan. Consequently, DDTEP leads to less load shedding cost and therefore less total cost compared with STEP model. Furthermore, we compare the proposed DDTEP with RTEP and report the computational results in Table VIII . As compared with RTEP, DDTEP results in lower total costs under WCD and SimD. That is because RTEP is more conservative by considering the worst-case demand scenario and therefore leads to more system costs, as compared with DDTEP, in which the worst-case demand distribution is considered. In general, by utilizing the historical data and allowing the ambiguous distribution, DDTEP leads to a more cost-efficient transmission expansion plan than the one of RTEP and a more reliable plan than the one of STEP. Indeed, considering the worst-case ambiguous distribution in the confidence set mitigates the effects of the blindly assumed distribution in STEP and lower utilization of historical information in RTEP. Consequently, the proposed data-driven approach leads to less load shedding for the real time, which results in higher reliability and cost efficiency.
2) Comparison with other separation algorithms: Here, we show the computational efficiency of our solution methodology (denoted as BCC) as compared with Benders' decomposition (BD) and Column-and-Constraint (CC) generation methods. We set the optimality gap to be 0.1%. In table IX, we report the computational time for each approach. It can be observed that CC works much better than BD, since in general CC leads to less iterations to achieve optima as compared with BD and therefore yields to less computational time. For more information of CC approach, interested readers can find in [35] . Moreover, Table IX shows the proposed BCC outperforms both BD and CC methods in terms of computational time, since it generates both BD and CC cuts in the one iteration, which takes advantage of both BD and CC approaches.
VI. CONCLUSION
In this study, we proposed a data-driven approach to solve the stochastic transmission expansion planning problem under demand uncertainty. By learning from the significant amount of historical data available for ISOs/RTOs, our proposed approach considers the probability distribution of the random demand within a confidence set, instead of considering a particular probability distribution as traditional stochastic programming approaches do. The proposed approach is a risk-averse approach because it considers the worst-case probability distribution of the random parameter. However, as shown by numerical experiments, with the same level of confidence, our approach can provide less conservative results with more historical data available; and theoretically, as the size of data goes to infinity the conservativeness ultimately disappears and our data-driven approach becomes risk-neutral. In addition, it is numerically shown that our proposed approach can achieve both the cost effectiveness and reliability, which bridges the gap between traditional stochastic and robust approaches. Also, the proposed decomposition method can decrease computational time comparing with Benders' decomposition and Column-and-Constraints generation, which therefore has potential to improve the computational efficiency for solving real-world large-scale problems. As a direction for future study, we will integrate recently emergent concepts such as smatgrids and electric vehicles into the datadriven transmission expansion model. Also, we will consider the real data set of demand and conduct experiments to see the performance of the proposed method under real data set.
